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Controlling cell migration is important in tissue engineering and
medicine. Cell motility depends on factors such as nutrient concen-
tration gradients and soluble factor signaling. In particular, cell–cell
signaling can depend on cell–cell separation distance and can influ-
ence cellular arrangements in bulk cultures. Here, we seek a physical-
based approach, which identifies a potential governed by cell–cell
signaling that induces a directed cell–cell motion. A single-cell bar-
code chip (SCBC) was used to experimentally interrogate secreted
proteins in hundreds of isolated glioblastoma brain cancer cell pairs
and to monitor their relative motions over time. We used these
trajectories to identify a range of cell–cell separation distances where
the signaling was most stable. We then used a thermodynamics-
motivated analysis of secreted protein levels to characterize free-
energy changes for different cell–cell distances. We show that glioblas-
toma cell–cell movement can be described as Brownian motion biased
by cell–cell potential. To demonstrate that the free-energy potential as
determined by the signaling is the driver of motion, we inhibited two
proteins most involved in maintaining the free-energy gradient. Fol-
lowing inhibition, cell pairs showed an essentially random Brownian
motion, similar to the case for untreated, isolated single cells.
cell–cell force | cell motility | surprisal analysis | Langevin equation |
Brownian dynamics
Changes in free energy define the direction for spontaneouschanges in chemistry and physics. As examples, chemical
gradients and electrical potential changes across membranes (1)
may be viewed as chemical potentials that define a direction (2, 3).
Other examples include chemotaxis (2–4) and active transport (1),
both of which show that overcoming a concentration gradient re-
quires work in the sense of expenditure of free energy. In this study,
we aim to show that the thermodynamic analog of the free energy
of an intercellular signaling system, mediated by secreted proteins,
acts to determine the direction of change in cell–cell movement.
Secreted proteins are a vehicle for cell–cell communication and
signaling (5) and, once received by a cell, can initiate intracellular
signaling cascades, resulting in changes in gene transcription, pro-
tein expression, and the activation of cellular functions. Such
functions might include cell division, the secretion of a new group
of proteins, or, as investigated here, cell motility (1).
Our experiment is a system of two interacting but otherwise
isolated cells for which we measure both cell motion trajectories
over a period of several hours and, at the terminal time point, the
expression levels of a panel of secreted proteins. The experimental
platform is the single-cell barcode chip (SCBC), which permits
measurements of statistically significant numbers of cells (6–9).
Our information-theoretic analysis (10) of the experimental
data regards the signaling proteins as species mediating the ex-
change of information between cells. This analysis is used to
determine the changes with distance of the free energy of the
cell–cell signaling and to show that the cell–cell relative motion
can be described as a constrained Brownian motion. We show
that the direction of change in cell movement is toward a more
stable cellular arrangement where cell–cell signaling is balanced.
Inhibiting that signaling results in a loss of the directed movement;
the cells move in a purely Brownian-type random walk, similar to
the case of single isolated cells. In other words, we determine a
cell–cell potential that characterizes the cell–cell motion in a way
that is similar to other two-body interacting systems in physics and
chemistry. We show that this potential is established through the
exchange of secreted protein. By identifying those key signaling
proteins, we can experimentally control the cell–cell motion.
Results
Our experimental design is guided by previous observations (10)
that a pair of glioblastoma (GBM) cancer cells will exhibit a
stable steady state that is characterized by a narrow range of
intercellular separation distances. A hypothesis tested in this
work is that one or more secreted proteins mediates that stable
separation and directs cell migration toward that stable state.
Thus, we sought to capture both relative motion trajectories for
pairs of cells, as well as the levels of secreted proteins that might
influence those trajectories. To determine an optimal panel of
secreted proteins for monitoring single cells and cell pairs, we
initially assayed for 12 secreted cytokines and growth factors
from single and small populations of U87EGFR cells (Fig. S1).
U87EGFR cells are model GBM cancer cells characterized by
overexpression of the epidermal growth factor receptor (EGFR)
(11). One protein served as a negative control, whereas the
others were known to participate in cell–cell signaling [see
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summary in Medical Subject Headings database, MeSh (12)]. We
chose five proteins that showed high signal-to-noise and good
dynamic range: interleukin-6 (IL-6), IL-8, vascular endothelial
growth factor (VEGF), hepatocyte growth factor (HGF), and
macrophage migration inhibitory factor (MIF) (Fig. S1).
Experimental Measurements. U87EGFR cells were randomly
loaded into the microchambers of an SCBC (6–9) (Fig. 1). The
SCBC design had 2,640 microchambers, and loading conditions
were such that 200 microchambers contained cell pairs with
initial cell–cell separations that ranged from a few to a few
hundred micrometers. The same microchip also contained sta-
tistically significant numbers of chambers with single cells and
zero cells. Following loading, the experimental protocol was as
follows. First, the cells were allowed a 2-h acclimation period
during which they adhered to the microchamber surface. Over
the next 6 h, cell movements within the individual micro-
chambers were tracked using microscopy imaging through the
transparent microchip (Fig. 1B). During this period, specific
secreted proteins (see below) are captured on designated ele-
ments of miniaturized antibody arrays that are patterned within
each microchamber. Eight hours after the cells were loaded, the
experiment is stopped, the chip is disassembled, and the antibody
arrays are developed with fluorophore-labeled detection anti-
bodies (Fig. 1B). The surface assays are digitized with a Genepix
4400A scanner (Molecular Devices), and the results for each
microchamber are associated with the cellular motion measure-
ments from that chamber. The zero-cell microchamber protein
assays are used for background subtraction of the proteomic
data, whereas cell tracking and proteomic data from one-cell and
two-cell data are used for the analyses. For the two-cell micro-
chambers, the measured secretion levels of the five proteins
showed a clear dependence upon cell–cell separation (Fig. S2).
We now turn toward understanding this cell separation de-
pendence for five distance ranges.
Quantification of the Stable State and the Constraints. Cell–cell
signaling and cell movement are associated processes (5, 13).
Our hypothesis is that the cells will move in time toward the
thermodynamically most stable state, which is a steady, balanced
state (14). To identify the distance range that characterizes the
most stable state, we use surprisal analysis (15–17). (For more
details, see Supporting Information.) Surprisal analysis also pro-
vides characterizations of those intercellular separations that are
less stable, by computing the extents of deviations of the protein
concentrations from those at the steady state (18, 19). These
deviations represent constraints, which are any processes that are
influenced by specified groups of signaling proteins, and which
constrain the cell pair from reaching the stable separation. The
principle equation is as follows:
lnXiðrÞ|ﬄﬄﬄ{zﬄﬄﬄ}
ln  measured  intensity
  of   protein  i
  in  distance  range r
= lnX0i ðrÞ|ﬄﬄﬄﬄ{zﬄﬄﬄﬄ}
ln  intensity  of   protein  i
  in  the  stable  state
−
X
α=1
GiαλαðrÞ
|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
deviations  due  to  the
constraints  α=1,2,⋯
.
[1]
Here, XiðrÞ is the observed mean intensity of protein i at an
intercellular distance range, r. The intensity at the (stable) state
of minimal free energy is X0i ðrÞ. The weights Giα describe the
extent to which a given protein i participates in a constraint α.
λαðrÞ is the amplitude of the constraint α at a distance range r.
The distance range with the most stable cell–cell signaling is
where the sum of the constraints ðPα=1GiαλαðrÞÞ is a minimum
so that XiðrÞ≈X0i ðrÞ. We write lnX0i ðrÞ=−Gi0λ0ðrÞ to define λ0ðrÞ
as the amplitude of the stable state. Note that Eq. 1 resolves the
contributions of the steady state at each cell separation r, and it is
expected (and found) to remain relatively constant (Fig. 2A).
Experimental measures of protein levels are converted from
fluorescence intensities into copy numbers using calibration
curves (Fig. S3). The natural log of those values, lnXiðrÞ, is input
into Eq. 1 in a matrix form where all entries at a given distance
bin r are a column and a given protein is along a row. Eq. 1 was
fitted to the experimental data using a numerical procedure for
diagonalizing the nonsquare data matrix. When the number of
constraints in Eq. 1 is less than the number of distance bins, we
ensure that the fit requires fewer parameters than we have data
points. (This procedure is discussed in Supporting Information
and in detail in refs. 10, 18, and 19.) The fitted amplitudes of the
steady state and the main unbalanced processes as a function of r
are plotted in Fig. 2 A and B. The steady-state term λ0ðrÞ has a
large and unchanging amplitude over the full distance range and
is the most significant contributor to the cell–cell signaling.
We resolved two distance-dependent constraints, α= 1, 2, oper-
ating in the two-cell system (Fig. 2B). The secreted proteins whose
levels are most influenced by those constraints are presented in the
Fig. S4. The amplitudes λαðrÞ,   α= 1, 2 of the constraints are at a
minimum at a distance range of ∼200 μm, implying that this is the
range with the most stable cell–cell signaling, and thus the most
probable cell separation.
The Stable State of the Signaling Defines the Stable Point of the
Motion. An analysis of cell trajectories indicated that more cell
pairs reached a separation distance of about 200 μm after 8 h of
A B
Fig. 1. Schematics of the experimental details. (A) Drawing of a single SCBC
microchamber with valves and DEAL barcodes (Top) and the fluorescent
sandwich immunoassay protein detection scheme (Bottom). (B) A represen-
tative time-lapse image of a two-cell chamber over 8 h. A typical fluores-
cence image of a barcode for the five assayed proteins is shown. (Scale bar:
100 μm.)
A B
Fig. 2. Quantification of the variation with cell–cell distance of the stable
state and the constraints. (A) The analysis shows that the amplitude λ0ðrÞ of
the steady-state term α= 0 does not vary with the cell–cell distance r. (B) The
amplitudes of the two constraints α= 1 and α= 2, represented by λ1ðrÞ and
λ2ðrÞ reflect the extent of the deviation of the measured secreted network
from the steady state as a function of cell separation r. The error bars rep-
resent SDs of the mean protein levels as a function of distance. Note that,
near r = 200 μm, the amplitude of the constraints is near zero, implying that
this represents a steady-state separation distance. There is also a region at
short separations where the steady-state contribution is dominant.
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incubation relative to the initial time point of 2 h of incubation
(Fig. 3A). Moreover, cells that had an initial cell–cell distance of
∼200 μm did not change their cell–cell distance over time (Fig.
3B). This result confirms the steady-state prediction and shows
that cells separated initially by the steady-state distance have the
lowest cell–cell interaction potential. Furthermore, cells initially
located at shorter or longer cell–cell distances move over time
toward the stable separation.
The Influence of the Cell–Cell Interaction Potential on Cell Migration.
We proceed to verify our hypothesis that cell–cell signaling de-
termines the cell–cell interaction potential and thus directs cell
motion toward the stable separation distance. To do so, we ob-
serve the changes in cell–cell separations in different time in-
tervals. In Fig. 4, we plot histograms of these changes in cell–cell
separation (Δcell–cell r) for cell pairs initially separated by dis-
tances smaller than 200 μm over different 2-h intervals. For an
isolated particle in a liquid medium, the relative motion would
behave as random diffusion (Brownian motion). Therefore, we
can expect that, in the absence of cell–cell interactions, the rel-
ative cell displacement will be Gaussian distributed. Deviations
from such a bell-shaped symmetric curve provide a signature of
cell–cell forces, which we anticipate will preferentially move cells
toward the stable midpoint.
Referring to the histograms of Fig. 4, cells initially exhibit a
near Gaussian distribution of cell–cell displacements for Δt = 2 h.
(Fig. 4 and a summary in Fig. S5A), but developed an increasingly
resolved tail toward higher positive values for the time intervals
Δt = 4 and 6 h (Fig. 4), thus implying the presence of nonrandom
forces influencing cell migration. If we analyze just those cells
initially located <200 μm from each other, the trend over time is
toward larger separations (Fig. 4 and Fig. S5A). By contrast, cell
pairs initially separated by >200 μm (Fig. S5B) tended to reduce
the cell–cell distance.
Determining Equations of Motions for Cell Pairs. We explore here
the hypothesis that cell–cell motion can be approximated to
leading order by a two-body interaction potential, similar to
other two-body systems in physics and chemistry. To this end, we
describe a quantitative approach for simulating the experimen-
tally measured kinetic cell trajectories from Figs. 3 and 4. In
particular, we show that the equations of motions that are used
to simulate the general case of high-friction motion apply to cell–
cell movement (20, 21).
When motion is heavily damped, the equation of motion that
also includes the role of a random force is the Langevin equation
(22), which takes the following form (23):
dr
dt
=−
1
γ
dUðrÞ
dr
+
ﬃﬃﬃﬃﬃﬃ
2D
p
RðtÞ. [2]
The inputs required are the diffusion coefficient D, the fiction
coefficient γ, and the cell–cell two-body potential UðrÞ. The ran-
dom motion is described by the isotropic random force RðtÞ and
is the only force term when the cell is isolated. The solution of
A
B
Fig. 4. Histograms of cell–cell displacements from the starting value. (A) Schematic illustration of the local microenvironmental condition. (B) Shown are histograms
of changes in cell–cell separation distance from the initial value (Δcell–cell r), taken after 2 h of on-chip cell adaptation. Data are plotted for time intervals of Δt = 2,
4, and 6 h for cell pairs initially separated by distances <200 μm (determined to be the stable point). The histograms were fitted to a Gaussian distribution to
highlight deviations as time increases. The fit is acceptable at the shortest time, (R2 = 0.95 for Δt = 2 h) but not at longer times (R2 = 0.89 and 0.7 for Δt = 4 and 6 h,
respectively). The asymmetry that emerges over time is evidence of active, unbalanced processes arising from cell–cell interactions.
A B
Fig. 3. The stable state of the signaling defines the stable point of the cell–cell
motion. (A) Cell–cell separation distances, for 200 pairs of U87EGFR cells, after
the initial acclimation (Δt = 0 h) and after delays of Δt = 4 and 6 h, were binned
to form histograms that give the probability for finding a pair of the cells at a
given distance range. The probability determined for delays of 4 and 6 h was
divided by the probability following acclimation, Δt = 0, showing that cells from
distances below or above the 200-μm range move in time toward the midpoint.
(B) Cell–cell separation distances for U87EGFR cell pairs after delays of Δt = 2, 4,
and 6 h, for the 20 cells pairs that were initially (Δt = 0 h) observed at the
steady-state separation distance (∼200 μm). As shown, this special subset of cells
that are initially at about the most stable distance do not move over the fol-
lowing 6-h interval. Contrast with the other subsets of cells (A).
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Eq. 2 under a random force alone leads to Gaussian-distributed
displacements (22, 23).
We begin by an examination of the role of the friction on the
cell movement. To do so, we exclude the influence of signaling by
confining attention to measurements of cell motion within the
∼400 microchambers that contained only single cells. In Fig. 5,
we show histograms of the displacements in the directions of the
microchamber length (X) and width (Y) (Fig. 5). The Gaussian
shapes for all time windows demonstrate that the motion of
isolated cells is indeed random, with the cells performing a
Brownian motion with diffusion coefficient D. The width of the
distributions increases only slowly with time, implying that cell
motion is heavily damped by cell adhesion to the surface (high
friction). The Stokes–Einstein relation expresses D in terms
of the friction coefficient γ at a given temperature T by D=
kBT=γ (22, 23), where kB is Boltzmann’s constant. Thus, these
single-cell trajectories provide us with two of the three inputs for
Eq. 2, and so we now turn toward determining the cell–cell in-
teraction potential UðrÞ.
At a stable point, the potential UðrÞ is at a minimum. UðrÞ is
the work required to displace the cell–cell system to the sepa-
ration r and is computed from the experimental levels XiðrÞ of the
secreted proteins, and the calculated protein levels at the steady
state X0i ðrÞ (Fig. S6). Surprisal analysis determines this separa-
tion to be about 200 μm. About a stable separation the potential
must increase parabolically. Over most of the distance ranges,
surprisal analysis shows that a harmonic restoring potential is
satisfactory in describing the deviations from the stable state
(Fig. S6). The force, dUðrÞ=dr, for the Langevin equation (Eq. 2),
is therefore taken to be a linear restoring force [Hooke’s law
(22)] about the stable separation. However, the parabolic rise of
the harmonic potential is not consistent at very small cell–cell
separations (below about 50 μm) as further discussed in Sup-
porting Information (Surprisal Analysis, Free Energy as a Function
of Cell–Cell Separation) and also plotted in Fig. S6. This is likely
attributable to physical contact between the cells (24), which can
either increase the effective friction or provide an additional
steady state. A close agreement with the experiment for small
cell–cell separations requires a restoring force that is not as high
as harmonic (Materials and Methods).
Using the extracted parameters D, γ, and UðrÞ, we solved the
Langevin equation for 5,000 simulated trajectories of cell–cell
motions sampling the variety of experimentally sampled initial
cell–cell separations (Fig. S7A and Materials and Methods).
The resulting cell–cell displacement distributions were con-
verted into histograms at Δt = 2, 4, and 6 h (Fig. 6). These
theoretical results correspond to a relaxation time of 8 h of the
initial cell distance distribution (Materials and Methods). This is
consistent with the experimental data and shows that, after 6 h,
the distribution is still far from being centered about the most
probable separation. The theoretical computations (Fig. 6) are in
excellent agreement with the experimental measurements (Fig.
4). This result shows that the cell–cell interaction potential UðrÞ,
which was extracted from the proteomic measurements of sig-
naling proteins, can be used in a Langevin equation of motion to
accurately describe the relative experimental migration of the
U87EGFR cell pairs.
Restraining the Unbalanced Signaling Inhibits the Directed Motion.
Our hypothesis is that unbalanced signaling induces the directed
motion. As a direct test of this hypothesis, we identified those
proteins most associated with the unbalanced processes. Fig. S4
shows the weights of secreted proteins in the balanced state and
in the two unbalanced processes. For the most important process
Fig. 5. Brownian-like motion of isolated cells. Displacements of non-
interacting single cells in the X (left column) and Y directions, observed after
time delays of Δt = 2, 4, and 6 h for about 400 isolated single cells. Dis-
placements were binned into histograms and fitted to Gaussian distributions
(R2 > 0.97 for all histograms). Because the microchamber is rectangular, the
displacements along X and Y do not span the same range. The diffusion
coefficient D was determined from the fits using the Einstein–Smoluchowski
equation for the width of the histogram in a given direction, σ2 = 2DΔt.
Fig. 6. Theoretical histograms of cell–cell displacements, generated using 5,000 trajectories calculated by using the high friction limit of the Langevin
equation, with a potential determined by the observed cell–cell signaling vs. distance. The theoretical histogram is to be compared with experimental results
of Fig. 4. The potential used was harmonic about the steady-state separation of 200 μm. The high rise of the harmonic potential away from its minimum at
200 μm was moderated for distances below 50 μm, to match experimental observations at short separations.
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α= 1, HGF and IL-6 dominate. Accordingly, we measured the
cell motion trajectories for two cell microchambers under the
influence of neutralizing antibodies to inhibit IL-6 and HGF
signaling. Fig. 7 shows that, even after a delay of 6 h, there is
hardly any directed motion, with zero-centered Gaussian distri-
butions of slowly increasing widths with time, as expected for
Brownian motion. The data clearly demonstrate that inhibiting
unbalanced signaling hinders any directed motion but hardly
affects the Brownian part. More generally, the data also illustrate
that the information theory analysis of the proteomic data cor-
rectly identifies those signaling proteins that influence relative
cell motion the most. It also shows that experimentally influ-
encing the activity of those proteins provides an experimental
handle for influencing cell organization and migration.
Discussion
Cell motion is an active biological process (20) that cannot be
fully described by random Brownian motion (20, 21). The
U87EGFR cancer cells investigated here are representative of
the highly invasive disease of GBM, and so understanding the
motility of such cells has both fundamental and practical value.
We report on a search for a pairwise cell interaction potential
that is governed by cell–cell signaling. The minimal point of this
potential is the steady state of the cell–cell signaling. The po-
tential induces cells to move toward that steady-state separation.
We applied a thermodynamics-based theory to a dataset from
hundreds of isolated cell pairs that integrated measurements of
secreted protein levels with 6 h of cellular motion trajectories.
Surprisal analysis of that dataset revealed the existence of a free-
energy gradient, with an energy minimum at a cell separation of
200 μm. Analysis of the relative motion of the cell pairs revealed
directed cell movement toward this steady-state separation, im-
plying that, at this separation, cell–cell signaling is balanced and
corresponds to the most stable state of the cell–cell potential.
Away from this separation distance, the signaling is unbalanced,
and cell motion is described by two tendencies: isotropic motility
and directed movement due to the cell–cell potential gradient.
Simulations of the directed motion using the high friction limit,
the Langevin equation, and the potential derived from the signaling
closely reproduced the experimental observations. We showed that
the unbalanced cell–cell signaling is the cause of the directed mo-
tion by inhibiting those two proteins most responsible for the free-
energy gradient. In summary, we show that soluble factor signaling
between two cells can define a free-energy gradient, which, in turn,
directs the relative cell motions. Experimental control over the
levels of those soluble factors provides a handle for controlling
cellular motion in a predictive fashion.
Materials and Methods
Surprisal Analysis. The analysis was carried out as described in some detail
before (19, 25) and in Supporting Information. The particular application to
pairs of cells has also been presented (10) for the purpose of determining the
most stable steady-state separation in U87EGFRvIII and U87PTEN cell types. It
was shown therein that this separation as determined for isolated cell pairs
accounts for the most probable cell–cell distance in bulk cell cultures. This is
similar to molecular liquids or crystals where the two-body force provides a
realistic first approximation for the many-body energy.
The Langevin Equation. The equation is solved numerically by drawing random
values between 1 and −1 for the random force, making a new drawing at each
time step because the force is taken to be uncorrelated. To derive the interpre-
tation in terms of relaxation time, we expand the cell–cell potential about the
steady-state separation rss = 200 μm, namely UðrÞ≅UðrssÞ+ kðr − rssÞ2=2. Near rss
the Langevin equation reads dðr − rssÞ=dt =−ðk=γÞðr − rssÞ+
ﬃﬃﬃﬃﬃﬃ
2D
p
RðtÞ, showing
that for consistency of units γ=k has the dimension of “time” and that it has the
interpretation of the relaxation time to the steady separation. The value for the
relaxation time of 8 h is determined by the fit to the data for cells that are near rss.
The experimental results for the distribution of cell–cell separations at the
earliest time after acclimation (Fig. S7A), and after an additional delays of
2 and 6 h (Fig. S7B), show that cells that were initially located at short cell–cell
separation distances are not strongly attracted toward the steady-state sepa-
ration of rss = 200 μm. However, the harmonic approximation for UðrÞ intro-
duced above, implies a very strong restoring force at short distances, which is
inconsistent with the experimental results (Fig. S7) at small separations r  rss.
This is also inconsistent with the results of surprisal analysis of the signaling as
shown in Fig. 2B and Fig. S6. At short distances, the signaling is almost stable
(Fig. 2B and Fig. S6). Therefore, for separations below 50 μm, we reduce the
force constant k down to 10% of its value for r = 200 μm.
Cell Culture and Reagents. U87EGFR cells were kindly provided by Paul Mis-
chel’s Laboratory (University of California, San Diego, La Jolla, CA). Cells
were routinely maintained in DMEM (American Type Culture Collection)
containing 10% (vol/vol) FBS in a humidified 5% (vol/vol) CO2 incubator at
37 °C. See Tables S1 and S2 for lists of DNAs and antibodies used in the study.
For neutralization assay, anti–IL-6 and anti-HGF antibodies were added to
single-cell suspension at a final concentration of 0.5 μg/mL, respectively,
before loading into the device.
SCBC Design and Fabrication. The SCBC is composed of a two-layer elastomer
microfluidics layer bonded on top of a barcode-patterned glass slide. Details of
microchip design and fabrication can be found in Supporting Information. In
brief, molds for polydimethylsiloxane (PDMS) microfluidic device were fabri-
cated by photolithography. These molds were used to mold PDMS elastomer
for flow and control layers that form 2,640 microchambers after thermal
bonding. For experiments, cells are randomly loaded to microchambers and
allowed to acclimate for 2 h. The cell numbers and cell positions are recorded
A
B C
D E
Fig. 7. Cell–cell motion after treatment with neutralizing antibodies against
IL-6 and HGF. (A) Schematic illustration of the local microenvironmental con-
dition. (B–E) Following the inhibition of signaling, the changes in the distribu-
tion of the cell–cell displacements (Δcell–cell r) after Δt = 2 h (B), Δt = 4 h (C),
and Δt = 6 h (D). The results shown are for about 150 U87EGFR cell pairs that
were initially separated by less than 200 μm. The measured displacements (Δcell–
cell r) were binned into histograms. The histograms were fitted to Gaussian dis-
tribution (R2 > 0.95). Even after a delay of 6 h, the histogram of the cell–cell
distances could be well fitted by a Gaussian distribution (R2 = 0.97). (E) The results
shown in Fig. 3A and the corresponding results for a similar number of cell pairs
treated with the neutralizing antibodies. For the antibody-treated cells (+ab), the
probability of finding a cell pair at any distance range after 4 and 6 h was similar
to the value at the initial time (green and black curves fluctuating about 1).
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using light microscopy through the transparent microchip. We observe that,
even after a delay of 6 h, only a small fraction, about 15%, of the cells reach to
the wall of the chamber.
Antibody Microarray. The antibody microarray is prepared by converting an
array of distinct ssDNA into an antibody array by hybridizing antibody–ssDNA
conjugates. The detailed procedure of manufacturing the microarrays can
be found in Supporting Information.
SCBC Assay. A mixture of antibody–ssDNA conjugates in 1.5% (wt/vol) BSA
(in 1× PBS) solution was flowed into the device for 1 h to convert the DNA
barcodes into antibody microarrays. After removal of unbound conjugates,
the channels were blocked with 1% BSA [in 1× PBS with Tween 20 (PBST)]
solution for 1 h under flow condition. The channel surfaces were treated with
laminin solution (0.075 mg/mL in 1× PBS) for 1 h followed by brief rinsing with
cell culture medium. After cell loading to the SCBC device, control valves were
closed to form 2,640 microchambers. The images of each chamber were
recorded using a microscope–CCD camera (Olympus IX81) over an 8-h period
at 2-h intervals. After the incubation, the cells were quickly flushed away by 1×
PBST. The captured proteins were developed by flowing a mixture of biotin-
labeled detection antibodies and Alexa Fluor 647-labeled streptavidin in BSA
solution (1% in 1× PBST) for 1 h. The channels were washed with 1× PBST for
30 min. The barcode slide was then peeled off from the PDMS slab and rinsed
thoroughly. After drying, the slide was scanned by an Axon GenePix 4400A.
Signals from two-color channels were collected and digitized by the manufac-
turers’ software followed by analysis with a MATLAB-based custom algorithm.
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